Readmissions affect nearly 1 in 8 postoperative patients, costing Medicare $28 billion per year. 1 In 2012, the Centers for Medicare and Medicaid Services (CMS) aimed to curb unnecessary readmissions through monetary penalties. Under the Hospital Readmissions Reduction Program (HRRP), institutions are fined for greater than expected readmissions after select medical and surgical hospitalizations. During the program's first year, >2,200 hospitals received penalties, totaling $500 million. 2 Although most hospitals are able to track readmissions to their own facilities (ie same-hospital readmission rate [sHRR]), few hospitals routinely track the totality of their readmission to any hospital (ie, allhospital readmission rate [aHRR] ). In fact, this is a commonly cited limitation of studies examining readmission in both medical and surgical patients. [3] [4] [5] This poses a considerable challenge for hospitals seeking to implement changes in real time aimed at reducing readmission.
The extent to which readmissions to other institutions affect a hospital's ability to effectively track its readmissions remains unknown. Currently, institutions must use sHRRs to estimate aHRRs. Yet, some evidence suggests same-hospital readmissions are an unreliable and biased predictor of all-hospital readmissions. For example, Nasir and colleagues evaluated hospitals profiled on heart failure readmissions and found sHRRs underestimated aHRRs by approximately 5% (range 1% to >10%). 6 Although this study sheds some light on the reliability of sHRRs, it only reviewed a single medical condition, and there are currently no studies evaluating this phenomenon in surgical patients.
In this study, we used data on Medicare beneficiaries undergoing 1 of 3 common surgical procedures to address 3 questions. First, what is the correlation between sHRRs and aHRRs? Second, to what extent do hospital rankings change when using all-hospital rates instead of samehospital rates? Finally, are any hospital characteristics associated with greater underestimation of all-hospital rates?
METHODS
Data source, patient population, and patient variables We obtained patient-level data from 2 sourcesdthe national Medicare Provider Analysis and Review files and the Medicare denominator file. Using ICD-9-CM codes, we created operative cohort datasets for patients undergoing CABG, hip fracture repair, or open colectomy between 2006 and 2008 (Table 1) . Hip fracture repair was selected for evaluation in this study because it is the only surgical procedure currently scrutinized under the HRRP 7 ; CABG was selected because of its relatively high readmission rate (17%) and because CMS had previously indicated its intention to target cardiovascular procedures 8 ; colectomy was selected because it is the most frequently performed major general surgical operation with a substantial readmission rate (14%).
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A 3-year time period was used to mirror the methodology applied by the CMS HRRP. 10, 11 We next generated variables for patient age and female sex; dates of admission, discharge and death; and comorbidities defined by Elixhauser and colleagues' methods. 12 We excluded patients younger than age 65 years, older than age 99 years, those with a diagnosis of end-stage renal disease, and patients not surviving to discharge.
Hospital Readmissions Reduction Program
The HRRP relies on patient-level administrative billing data to determine index admission and subsequent readmissions. CMS data capture all inpatient episodes for which Medicare received a bill from an acute care hospital. As a consequence, in the Medicare fee-for-service population, there is essentially no "lost to follow-up" effect. Two theoretical exceptions exist: among the "dual-eligible" (Medicare Advantage) population, when a patient is readmitted but the private payer is wholly responsible for the hospital stay; and among the small subgroup of Medicare patients also receiving Veterans Affairs benefits, when a patient is readmitted to a Veterans Affairs hospital, but no Medicare bill is generated. As such, readmission rates calculated under HRRP are often higher than reported in studies using clinical registries because CMS data are more complete, representing aHRRs rather than only sHRRs or same-health system readmission rates. 13 In contrast, data from non-Medicare sources can underestimate a hospital's true readmission rate because of either a reliance on patient memory (eg, American College of Surgeons NSQIP) or an inability to track readmissions to nonparticipating hospitals (eg, Veterans Affairs Surgical Quality Improvement Program, University Health Consortium). 3, 14, 15 Finally, we must consider the possibility that CMS overestimates readmission rates because of either clerical error or fraudulent billing.
The CMSt HRRP operates via 2 mechanisms. Performance for both is based on aHRRs. The first is public reporting of hospital readmission rates using 1 of 3 possible descriptionsdbetter than the national average (upper limit of 95% CI does not include national mean), no different than the national average (95% CI includes national mean), or worse than the national average (lower limit of 95% CI does not included national mean). The second mechanism is monetary penalties. This "payment adjustment" involves decreasing the hospital's total base operating diagnostic-related group payments from Medicare by up to 3%, proportional to the excess readmission ratio. A more complete discussion of the penalty calculation is available on the CMS website (www.CMS.gov). 7 Unit of analysis and primary outcomes measure The unit of analysis for this study was the hospital. For each hospital, we generated 2 risk-and reliabilityadjusted readmission rates: readmission to any hospital, ie, the aHRR, and readmission to the index hospital, ie, the sHRR. We defined readmission using CMS criteria: "a subsequent acute care inpatient hospital admission for any reason within 30 days of discharge of the index admission." 10, 11 Abbreviations and Acronyms aHRR ¼ all-hospital readmission rate CMS ¼ Centers for Medicare and Medicaid Services HRRP ¼ Hospital Readmissions Reduction Program sHRR ¼ same-hospital readmission rate
Calculation of hospital readmission rates To calculate readmission rates for each hospital, we used hierarchal logistic regression. This advanced statistical technique applies empirical Bayes theorem to account for differences in the reliability of rates between hospitals. This approach produces a point estimate of each hospital's risk-adjusted readmission rate that is "shrunken" toward the overall population grand mean. The degree of shrinkage is proportional to the reliability of the hospital's readmission rates. Because reliability is inversely related to sample size, hospitals with lower operative volumes will be closer to the grand mean than to their unadjusted readmission rate. For example, if one assumes the overall population has a readmission rate of 15% (grand mean), then a hospital performing 10 operations per year with 5 readmissions will have a rate closer to 15% than its unadjusted rate of 50%. In contrast, a hospital performing 1,000 operations per year with 500 readmissions will have a readmission rate closer to 50%. Reliability adjustment has been previously used to report outcomes in general, trauma, and vascular surgery. [16] [17] [18] [19] In addition, our method of using hierarchical logistic models mirrors the procedure used by CMS to calculate rates for the purposes of the HRRP. 20 We included patient age, sex, an indicator variable for procedure type, and Elixhauser 12 comorbidities in our risk-adjustment model. To align our methods with CMS methodology, we specifically excluded race and socioeconomic status as explanatory variables. 10, 21 We assessed model discrimination with c-statistics (the proportion of time the model predicts a higher probability of readmission for a readmitted patient compared with a nonreadmitted patient). The range of possible c-statistic values is between 0.5 (predictive ability equivalent to a Other and unspecified partial excision of large intestine 45.82
Open total intra-abdominal colectomy 45.83
Other and unspecified total intra-abdominal colectomy CABG 36.10 Aortocoronary bypass not otherwise specified 36.11
Aortocoronary bypass 1-artery 36. 12 Aortocoronary bypass 2-artery 36. 13 Aortocoronary bypass 3-artery 36.14 Aortocoronary bypass 4-artery 36. 15 1 internal mammary coronary artery bypass grafting 36. 16 2 internal mammary coronary artery bypass grafting 36. 17 Abdominal-coronary artery bypass 36. 19 Heart revascularization bypass anastomosis necrosis Hip fracture repair 79.00 Closed reduction of fracture without internal fixation, unspecified site 79. 05 Closed reduction of fracture without internal fixation, femur 79. 10 Closed reduction of fracture with internal fixation, unspecified site 79. 15 Closed reduction of fracture with internal fixation, femur 79. 20 Open reduction of fracture without internal fixation, unspecified site 79. 25 Open reduction of fracture without internal fixation, femur 79. 30 Open reduction of fracture with internal fixation, unspecified site 79. 35 Open reduction of fracture with internal fixation, femur 79. 40 Closed reduction of separated epiphysis, unspecified site 79. 45 Closed reduction of separated epiphysis, femur 79.50
Open reduction of separated epiphysis, unspecified site 79.55
Open reduction of separated epiphysis, femur coin toss) and 1.0 (perfect predictive ability). Our models' c-statistic was 0.66 for both same-hospital and all-hospital readmissions. This is similar to previous reports of model discrimination for readmissions as well as to Medicare's data on surgical readmissions.
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Statistical approach Our first analysis examined the correlation between samehospital readmission rates and all-hospital readmission rates. First, we used Pearson's product-moment test to quantify the correlation between sHRR and aHRR. As a preliminary matter, we used visual inspection of each outcome's histogram to determine if our data meets Pearson's requirement of bivariate normality. To ensure our findings were robust to outliers, we used Spearman's rank correlation. The second goal of our study was to assess the impact on hospital profiling when using aHRRs instead of sHRRs. We report these findings in a quintile reclassification matrix, which was derived as follows. First, we ranked hospitals by sHRR and by aHRR. Next, we divided the population into quintiles based on performance for each measure (worst-, poor-, median-, good-, and best-performing hospitals). We then compared migration between quintiles when profiling on aHRR instead of on sHRR. For this analysis, we included only the 2,879 institutions that were not critical access hospitals or low-volume centers (annual volume of <25 operations per year). Reclassification tables are reported by operation to parallel CMS methodology for public reporting.
Finally, we sought to determine if certain hospital characteristics were associated with greater underestimation of aHRR. We first divided hospitals into quintiles based on the relative difference between aHRR and sHRR (ie, [aHRR minus sHRR] divided by aHRR). Hospitals in the highest quintile of relative difference were considered to have positive outcomes. Next, we used multiple logistic regression to generate adjusted odds ratios for each hospital characteristic (ie, urban location, teaching status, network membership, and full implementation of an electronic health record).
RESULTS
Our study population included 3,940 hospitals covering 741,656 patients. The mean risk-and reliabilityadjusted aHRR was 13.2% (SD 1.5%; range 8.4% to 21.2%) and the mean risk-and reliability-adjusted sHRR was 8.4% (SD 1.1%; range 2.6% to 15.3%). Summary statistics for patient demographics and hospital characteristics are provided in Table 2 .
Correlation between measures
The Pearson correlation coefficient between sHRR and aHRR ranged from 0.64 to 0.69 (p < 0.001) depending on operation (Fig. 1) . When we evaluated the association using Spearman's correlation, results were similar (range 0.62 to 0.68; p < 0.001). Same-hospital rates underestimated all-hospital rates by a mean of 4.7 to 4.8 percentage points, depending on operation. However, because the range of underestimation was quite wide (2.6% to 7.4%), simply adding 5% to each hospital's sHRR would not suffice as a method of estimating aHRR. For example, one hospital can only underestimate its aHRR by 3%, but a different hospital can underestimate by 10%.
Impact of changing measures on hospital profiling
After the best-performing hospitals (lowest sHRRs) were re-ranked according to aHRR, 41% were reclassified into another quintile of performance, with 6% reclassified into the worst quintile (Fig. 2) . Similarly, when the worst-performing hospitals (highest sHRRs) were re-ranked according to aHRR, 40% were reclassified. Reclassification was greatest for the middle 3 quintiles (64% to 69% reclassified). These "average" institutions are particularly important under the HRRP because Medicare's profiling methodology is mean-centric, therefore, reclassification can have substantial effects on their reported performance. We observed similar reclassifications when examining each operation individually.
Hospital characteristics associated with less underestimation Hospitals with the greatest relative difference (Quintile 5) sHRR underestimated aHRR by 47%. In contrast, hospitals with the least relative difference (Quintile 1) underestimated aHRR by 27%. In multivariate analysis, urban location and teaching hospitals were associated with greater underestimation (Table 3) .
DISCUSSION
This is the first study of surgical patients examining whether sHRR provide adequate estimate of aHRR. We found that sHRR consistently underestimated aHRR by a mean of 5 absolute percentage points, however, the range of underestimation was quite wide (1.5 to 12.7 percentage points). Additionally, we observed that the majority of hospitals were reclassified when profiling based on all-hospital rates instead of same-hospital rates. Taken together, our findings suggest that individual hospitals might not be able to solely rely on their own data to accurately predict their true postoperative readmission rate. Given the recent emphasis on leveraging coordination of care to decrease costs, readmission reduction will likely remain a national priority for years to come. 1, 24 To formulate effective strategies to reduce readmissions, individual hospitals must have a method of accurately tracking their own readmission rates. Our findings add to the existing readmissions literature by quantifying the extent to which hospitals might underestimate their true readmission rate when relying on internal data.
Earlier work by Nasir and colleagues has evaluated the correlation between sHRR and aHRR for congestive heart failure patients. 6 In that study, the difference between sHRR and aHRR ranged from 1% to 11%. As in our study, nearly half (48%) of the hospitals changed rankings when aHRRs were used instead of sHRRs. Specifically, of the 935 best-performing hospitals (based on sHRRs), 35% were reclassified after ranking were based on aHRRs.
There are at least 2 possible solutions that address the issue of underestimation when relying on same-hospital readmission rates. One option is for CMS to provide hospitals with more frequent reports. Currently, hospitals only receive annual reportsdmeaning that there is no time to implement quality-improvement initiatives before monetary fines. Many quality-improvement efforts, with aims ranging from reducing length of stay to increasing patient satisfaction, rely on monthly or quarterly feedback to hospitals. 25, 26 The substantial infrastructure and resources required to implement such a reporting system might be one reason many hospitals do not participate in quality-improvement programs, such as ACS NSQIP. For instance, although our cohort included 2,430 hospitals, as of 2014, only 487 hospitals participate in ACS NSQIP. 27 In addition, one can argue that, in the absence of a federal mandate for quality-improvement collaborative participation, CMS should provide more timely data to institutions that are not affiliated with a collaborative.
However, as health care information technology makes additional gains in collecting, storing, and analyzing large amounts of patient data, true real-time feedback might be feasible. Under the current model, communication between providers is often too delayed for exchanging clinically actionable information. For instance, inpatient physicians generally send post-hoc discharge summaries to the patient's other providers (eg, primary care physicians, specialists)doften in hard copy and via the US mail. However, one can envision a system that generates an automatic email notification to these other providers whenever one of their patients is readmitted. This might facilitate the exchange of timely and clinically actionable information between providers. Alternatively, electronic health records that can exchange information across institutions can provide similar benefits.
Another option is to increase incentives for hospitals to participate in quality-improvement networks. These networks are often administered through specialty societies (eg, the American College of Surgeons NSQIP) or regional collaboratives (eg, the Michigan Surgical Quality Collaborative). 28, 29 In considering the unique challenges of tracking readmissions, such collaboratives offer a particularly important feature, that is, the ability to collect data directly from patients. This would make it possible to track readmissions to any hospitals whether or not the readmitting hospital participates in the collaborative. In addition, it would allow for tracking of other interfaces with the health care system that are not easily captured in administrative data (eg emergency department visits, nonbillable postoperative visits to surgery clinic, and use of urgent care facilities). To the extent that the goal of HRRP is to reduce readmissions rather than solely to recuperate costs for unnecessary hospitalizations, Medicare might consider using a portion of a hospital's penalty dollars to assist institutions with enrollment in a quality-improvement collaborative.
Limitations
This article is not without limitations. Because our study relies on administrative data, we were unable to adjust for risk factors not captured by patient demographics or ICD-9 diagnostic billing codes. To mitigate the effects of this drawback, we used advanced statistical methods, such as risk adjustment and reliability adjustment. These Data are presented for a composite of all operations. *Hospitals located in 1 of the 50 largest American cities were considered urban. aHRR, all-hospital readmission rate; EHR, electronic health record; sHRR, same-hospital readmission rate.
techniques are standard practice for profiling hospitals using administrative data. 10 Second, as measured by c-statistics, our model performance was suboptimal. However, this was similar to earlier reports analyzing Medicare data. 6, 30, 31 More importantly, our study design has the same limitations as Medicare's HRRP. From a broader perspective, the consistently poor model performance across clinical situations might indicate that readmissions are subject to more unmeasured confounding compared with other metrics of hospital quality, such as mortality.
CONCLUSIONS
Understanding the limitations of using sHRR to estimate aHRR is critical for hospitals and providers. As currently implemented under CMS HRRP, hospitals lack access to performance data until after monetary penalties have already been assessed. As such, our findings have important policy implications, namely, hospitals are unable to estimate true readmission rates without external data. Additional studies are needed to determine the best methods of providing hospitals with complete and timely readmissions information.
